ABSTRACT: Meals are clusters of feedbunk visit (BV) events that are differentiated from the next meal by a nonfeeding interval that is longer compared with the nonfeeding intervals within a meal. The longest nonfeeding interval considered to be part of a meal is defi ned as the meal criterion. The objective of this study was to determine which combination of 2 probability density functions [(PDF): Gaussian normal (G), Weibull (W), Log-Normal, Gamma, and Gumbel] used in a bimodal distribution model had the best fi t of nonfeeding interval data collected in beef heifers. Feeding behavior traits (572,627 total BV events) were measured in 119 heifers fed a high-grain diet (3.08 Mcal ME/kg DM), using a GrowSafe system for 66 d. The frequency and duration of BV events averaged 75 ± 15 events/d and 73.0 ± 22.3 min/d, respectively. The bimodal PDF combinations were fi tted to the log 10 -transformed interval lengths between BV events for each animal, using R mixdist package (2.13). The Akaike Information Criterion (AIC) was used to assess goodness of fi t of the 25 bimodal PDF combinations. The PDF model with the least AIC value was selected as the best fi t for each individual. A χ 2 analysis of the selected best PDF distribution across individuals revealed that 78.2% of the heifers best fi t were G-W or W-W PDF models. The likelihood probability estimates were calculated from the average AIC deviation of each model from the standard G-G model. The G-W likelihood probability estimate was greater (P = 0.001) than the W-W combination (0.997 vs. 0.727). Our analysis indicated the G-W model had a statistically better fi t and is most likely the best approach to defi ne meal criterion in beef heifers fed high-grain diets.
INTRODUCTION
Behavioral patterns associated with feeding activities provide biological insight into long-term regulation of feed intake (Forbes, 1985) diet preferences (Yeates et al., 2002) , and health status of animals (González et al., 2008) . Multiple technologies have been used to collect frequency and duration of feedbunk (BV) event data to examine feeding behavior in cattle (Tolkamp et al., 2000) . In addition, various analytical techniques have been used to evaluate meal patterns (e.g., meal size, frequency, and duration) from BV event data. Meals represent clusters of BV events separated by short intervals that are differentiated from the next meal by a nonfeeding interval that is long compared with the nonfeeding intervals within a meal. The longest nonfeeding interval considered to be part of a meal is defi ned as the meal criterion. Tolkamp and Kyriazakis (1999) examined multiple techniques to quantify meal criterion in dairy cattle and found that a biologically relevant meal criterion was best derived using a bimodal model to describe nonfeeding intervals within and between meals. The bimodal distribution method has been applied to the analysis of feeding behavior data of dairy cattle (Tolkamp et al., 2000; Yeates et al., 2001; DeVries et al., 2003) , but this method has not yet been evaluated in beef cattle. The establishment of a robust and objective methodology to quantify meal criterion is essential for studies that aim to determine how feeding behavior patterns regulate appetite and feeding effi ciency in beef cattle. Therefore, the objective of this study was to determine the best bimodal distribution model to describe nonfeeding intervals within (fi rst population) and between (second population) meals in beef heifers fed a high-grain diet.
MATERIALS AND METHODS
All animal care and use procedures were in accordance with the guidelines for use of Animals in Agricultural Teaching and Research as approved by the Texas A&M University Institutional Animal Care and Use Committee.
Feeding behavior traits were measured during a 70-d period in 119 heifers of 4 breeds (23 Angus, 29 Braford, 43 Brangus, and 24 Simbrah) with an initial BW of 252 ± 32 kg. Upon arrival, heifers were fi tted with passive, half-duplex, electronic identifi cation (EID) transponder ear tags (Allfl ex USA Inc., Dallas, TX) and placed into 1 of 4 pens (12 × 28 m), each equipped with 4 electronic feedbunks (GrowSafe 4000E; GrowSafe System Ltd., Airdrie, AB, Canada) at the Beef Cattle Systems Research Center in College Station, TX. Heifers were adapted to a high-grain diet (3.08 Mcal ME/kg, 13% CP on DM basis) for 28 d, using 3 step-up diets before the start of the study. The fi nal experimental diet consisted of 73.7% dry-rolled corn, 6.0% hay, 6.0% cottonseed meal, 6.0% cottonseed hulls, 5.0% molasses, 2.5% mineralvitamin premix, and 0.8% urea, which was offered ad libitum twice daily at 0830 and 1630 h.
A subroutine of the GrowSafe data acquisition software (DAQ; version 9.25) Process Feed Intakes (v. 7.29), was used to compute feed intake and BV data. All default settings, as previously defi ned (GrowSafe, 2009) , were used in this study, with the exception of the parameter setting for maximum duration of time between consecutive EID recordings to end an uninterrupted BV event. For this study, the parameter setting of 100 s was used as recommended by Mendes et al. (2011) . Feeding behavior data from 4 d of the 70-d study period were omitted due to system failure (e.g., power outage, equipment malfunction) or when the proportion of daily feed supply assigned to individual animals (e.g., feed disappearance) <95%. The average proportion of feed disappearance assigned to animals for the remaining 66 d of data used for this study was 99.3%.
The BV frequency was defi ned as the number of daily BV events recorded, regardless of whether or not feed was consumed during the event, and BV duration as the length summation of all BV events during a 24-h period. Animals consumed feed in ~9 out of 10 BV events; 572,627 total BV events were recorded during the 66-d period. The interval lengths between BV events when an animal was not at the feedbunk were defi ned as nonfeeding intervals. The EID scanning interval of the GrowSafe system used in this study resulted in a natural periodicity of nonfeeding intervals at 2 s. Therefore, nonfeeding intervals <0.3 log 10 s (2 s) were removed before data analysis, which was similar to the approach used by DeVries et al. (2003) .
Model Fitting and Testing
Nonfeeding intervals were log 10 -transformed and plotted in a frequency distribution graph using the Meal Criterion Calculation software (MCC) (http://nutritionmodels.tamu.edu), which uses the statistical software R (ver. 2.13; R Foundation for Statistical Computing; http://r-project.org) and mixdist R package (http://www. math.mcmaster.ca/peter/mix/mix.html). Within MCC, 25 bimodal distribution models comprised of Gaussian (G), Weibull (W), Log-Normal (Ln), Gamma (Gam), and Gumbel (Gum) probability density functions (PDF) were fi tted to the log 10 -transformed nonfeeding intervals of each animal and the intersection of the 2 PDF defi ned the meal criterion (Figure 1 ).
Statistical Analyses
Three methods were used to evaluate the statistical fi t of the 25 bimodal PDF combinations. First, the Akaike Information Criterion (AIC; Akaike, 1974) was used to determine goodness of fi t for each bimodal PDF combination within each animal. The bimodal PDF combination with the least AIC value was considered the best-fi tting combination for that animal. The PROC FREQ command (SAS Inst. Inc., Cary, NC) was used to evaluate the frequency distribution of the best-fi tting models across animals and to examine the effect of breed on the frequency distribution of the selected best-fi tting bimodal model. Second, the change in AIC for each of the 25 bimodal PDF combinations within an individual animal was compared with the G-G combination using the equation: Δ AIC = AIC i -AIC G-G , where i is the i th bimodal PDF combination. A negative Δ AIC indicates that distribution i has a smaller AIC value than G-G and therefore has a better statistical fi t and vice versa. The G-G combination was selected as the standard distribution model based on previous modeling work by Tolkamp et al. (2000) , who pioneered the bimodal distribution modeling technique based on the concepts of satiety. The number of nonfeeding interval observations used in fi tting the PDF infl uences the AIC value computed for each bimodal distribution model and each animal has a distinct number of BV events and nonfeeding intervals. Therefore, direct comparison of AIC values for a given bimodal PDF combination across animals is not a robust method to assess the overall best distribution model, which formed the rationale for computing Δ AIC values and likelihood probability estimates to compare bimodal PDF combinations across animals. Use of this method eliminated the infl uence of between-animal variation of BV frequency on AIC values to provide a more reliable approach in evaluating the best overall distribution model. Third, likelihood probability estimates were generated for each of the 25 bimodal PDF combinations within individual animals using the equation: P = [(e -0.5ΔAIC ) / (1 + e -0.5ΔAIC )] (Motulsky and Christopoulos, 2003) . The PROC GLIMMIX procedure in SAS was used to test the probabilities for each model against the G-G model, with breed as a fi xed factor. When likelihood probability was >0.50, the selected bimodal PDF combination was considered to have a greater likelihood and to be a statistically better-fi tting combination compared with the G-G combination. In addition, the PROC GLIMMIX was used to perform multiple comparisons of model fi tting parameters and meal variables among the combinations of G and W functions.
RESULTS AND DISCUSSION
The G-W and W-W combinations were selected as the best-fi tting distributions for 52 and 41 individual animals, respectively, or 78.2% of the total number of animals. Breed type had no effect (P = 0.457) on determination of the best-fi tting distribution model.
The ΔAIC values and likelihood probability estimates for 9 bimodal PDF combinations compared with G-G are presented in Table 1 . The bimodal PDF combinations that incorporated Gam or Gum functions had large Δ AIC values and very low or zero likelihood probabilities, and therefore results are not presented. Bimodal combinations for which the Ln function represented either the fi rst or second population also had relatively large Δ AIC values and low likelihood probability estimates, suggesting that these models were not statistically better fi tting than the standard G-G combination. The G-W, W-G, and W-W combinations were the only models with negative Δ AIC values, suggesting that these bimodal distribution models statistically fi t the log 10 -transformed nonfeeding intervals better than the G-G combination.
The G-W and W-W combinations were both found to be more likely (P = 0.997 and 0.727, respectively) correct compared with the standard (0.500) G-G combination. The W-W model had a smaller Δ AIC value than the G-W combination; however, the SD was larger for the W-W model compared with the G-W combination (119.4 vs. 42.9, respectively), suggesting that the G-W combination was more consistent in describing nonfeeding interval data across animals. In addition, the G-W combination had the greatest (P = 0.001) likelihood probability, suggesting it is the most likely bimodal PDF combination to have the best statistical fi t compared with the G-G combination.
Model parameter and meal trait estimates for the 4 bimodal PDF combinations that incorporated the G and W functions are presented in Table 2 . The use of the G-G and G-W combinations resulted in a greater (P = 0.001) proportion of the nonfeeding intervals defi ned as within-meal intervals compared with those used for the W-W and W-G combinations. Likewise, Yeates et al. (2001) , working with dairy cows, found that a greater proportion of nonfeeding intervals were defi ned as within-meal intervals when a G distribution was used to describe the fi rst population of intervals rather than the W distribution. When a W distribution was used to described the nonfeeding intervals between meals instead of the G distribution, Yeates et al. (2001) and Melin et al. (2005) found that the models had better statistical fi t and a greater proportion of intervals were defi ned as between-meal intervals. Similarly, the G-W combination in the current study accounted for a greater numerical proportion of between-meal intervals and had better statistical fi t than the G-G combination.
In addition, Yeates et al. (2001) and Melin et al. (2005) found that distribution models that used the W distribution to describe between-meal intervals predicted increasing starting probabilities of a meal as time after the last meal increased, which conformed to the satiety concept. Conversely, both studies reported that the starting probabilities of a meal decreased as time after the last meal increased when the G function was used to describe between-meal intervals.
The meal criterion derived from the G-W combination in this study was less than the values of 21.2 and 41.7 min reported by Yeates et al. (2001) and Melin et al. (2005) , respectively, in dairy cows. Meal frequency is dependent upon meal criterion, such that small meal criterion results in more frequent daily meal events. Therefore, meal frequency was numerically greater for the G-W combination in this study compared with previous results in dairy cattle (Yeates et al., 2001; Melin et al., 2005) .
Despite expected differences in meal patterns between beef and dairy cattle, results from this study support Yeates et al. (2001) and Melin et al. (2005) , who concluded that the G-W combination was superior to G-G in describing meal patterns in cattle.
In summary, our analysis indicated that application of the G-W bimodal distribution model to nonfeeding interval data was the best choice to evaluate meal pattern behavioral traits in beef heifers fed high-grain diets. Application of the G-W bimodal distribution model to individual animal behavioral data to quantify meal patterns has considerable potential to allow further investigation of mechanisms regulating feed intake and feed effi ciency in cattle. .123 a-c Means without a common superscript differ (P < 0.01).
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